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Demand Side Management (DSM) refers to a wide array of programs designed by the utility companies to alter the time and/or quantity of electricity demand in order to achieve beneficial changes in the system load shape while increasing customers' satisfaction [1] . Effective DSM can yield several benefits including lower electricity generation costs, reduced requirement for investments in generation, transmission and distribution assets, and mitigation of the challenges introduced due to grid integration of highly intermittent non-synchronous renewables [2] . This study focuses on the evaluation of load shifting and energy arbitrage value of DSM, particularly thermal demand, through optimal operation of Thermal Electric Storage (TES).
Space and water heating demand contributes to approximately 80% of the final energy consumption in domestic buildings in Europe [3] . Therefore, environmental and energy security targets set by the European Climate Foundation (ECF) have encouraged the electrification of heat supply in the residential sector [4] . TES for space and water heating has emerged as a promising electricity-to-heat technology with the potential of enabling the participation of thermal demand in active Demand Side Management (DSM). These devices allow the decoupling of intra-day scheduling of electric power demand from the time of thermal energy end-use while satisfying the consumers' thermal comfort requirements. Therefore, if enabled with communication with the grid, these devices can facilitate load shifting and energy arbitrage.
Most of the literature which evaluate the benefits of flexible thermal demand simplify either the demand or the supply side models. For assessment of system-wide effects of flexible loads, most studies implement Unit Commitment/Economic Dispatch (UC/ED) tools with representation of flexible demand using price elasticity or virtual generator models (VGM). Price-elasticity models represent change in demand as a response to change in electricity prices based on the historical/simulated values of elasticities. In [5] , the authors integrate a full model of price responsive shiftable demand in a Security Constrained Unit Commitment (SCUC) model to assess the value of demand bidding in both the energy and reserve market. Similarly, the impact of real time pricing on the utilization of wind power was studied in [6] using price elastic demand. Virtual Generator Models represent demand as electricity generation/storage units with negative power outputs and operational constraints based on the type of demand and customer preferences. Authors of [7] use VGM to model flexible demand for the co-optimization of energy and reserve markets with participation from both the supply and the demand sides. Similarly, representation of large, spatially-distributed populations of heat pumps, electric vehicles, and electrolyzers in Security Constrained Economic Dispatch (SCED) using VGM has been presented in [8] . However, such simplified representation of demand fails to take into account the impact of demand response on the consumers and does not guarantee fulfillment of consumers' thermal comfort constraints.
On the other hand, studies which focus on the impact of demand side measures on consumers tend to have detailed physical/thermal demand models with simplified representation of the supply side, usually using price signals. In [9] , the authors optimize the control of partial storage electric space heating to minimize the total energy cost of customers based on fixed electricity price profiles. The economic value of Heat Pumps (HP) and Electric Boilers (EB) is assessed based on a two-stage stochastic programming model in [10] . The model is employed to optimize the operation of HP and EB along with a Combined Heat and Power (CHP) unit using price signals in the context of a heat market in Denmark. However, using fixed electricity price signals to assess the value of demand response have the drawback of not incorporating the feedback impact of the change in demand on the electricity price. Therefore, such models cannot provide technically valid estimates of the energy arbitrage value of a large fleet of thermal storage.
Recently, some studies have presented joint optimization models which include detailed representation of both the demand and the supply sides. A comparison of heat storage technologies including heat accumulation tanks and passive heat storage coupled with heat pumps in terms of fuel cost savings and wind integration in the Danish system has been presented in [11] . Additionally, [12] explores the merits of using detailed integrated thermal demand and grid side models as compared to either simplified demand and/or supply side models. The authors develop an integrated model of a typical electric power system and thermal demand from buildings using heat pumps and auxiliary electric resistance heaters coupled with hot water tank as storage medium. The comparison highlights the drawbacks of the simplified models as compared to the integrated model in terms of representing the impacts of load shifting on the consumers and also on the supply mix and electricity prices.
The Building-to-Grid (B2G) model developed in this study takes a similar modeling approach by integrating the buildings' thermal dynamics and end-use constraints with the power systems economic dispatch model. However, in comparison to [12] , the novel contributions of this study are as follows: three different archetypes have been used; an annual systemwide analysis for the All Island Power System (AIPS) has been conducted to have a detailed evaluation of the annual energy arbitrage value of TES; instead of heat pumps, Smart Electric Thermal Storage (SETS) devices [13] have been used as the electricity-to-heat technology. SETS space heaters contain a highly insulated solid thermal energy storage core which enables the conversion of electrical energy into thermal energy stored in an efficient manner for use at a later time. SETS water cylinders use the same basic principle, except that the energy is stored in water rather than a solid medium. Both the storage systems share the same communications and control architecture [13] and therefore have energy arbitrage potential. An initial assessment of the value of SETS devices in AIPS has been presented in [14] , in which the heating demand is modeled as a fixed time series. This paper builds upon this assessment by implementing state-space models for space and water heating demands for the different archetypes in order to better represent the thermal dynamics, thermal comfort constraints and passive storage potential in the building fabric.
The rest of the paper is organized as follows. Section II presents the modeling details and methodology for the development of the B2G model. Section III discusses the results and the performance of TES subject to various sensitivities. And finally, Section IV concludes the findings of this study.
II. METHODOLOGY
This section presents the modeling details of building thermal characteristics, domestic hot water demand and subsequently the integrated B2G optimization model.
A. Building State Space Model
Three EnergyPlus mid-flat archetypes [15] , were used to generate synthetic building performance data. • C (conditioned hallway). Weather conditions correspond to the Dublin IWEC weather file [16] . The archetypes are modeled using the thermal network topology shown in Figure 1 . Node T amb represents the dry-bulb outdoor temperature. Nodes C w1 and C w2 and resistances R ext1 , R ext2 and R ext3 model the two leaves of the external walls. The wall solar gains, Q s,wall , are applied directly to node C w1 . C r represents the capacitance of the air mass with room temperature T r . Node C int and resistance R int model the thermal mass of the internal partitions and other slow dynamics. The window solar gains Q s,win and the heating power input Q heat are split between C r and C int via parameters f 1 and f 2 . The proposed model topology is shown in Figure 1 . Node C hall and resistances R hall1 and R hall2 model the internal walls adjacent to the hallway.
After expanding the heat balance equations for all the nodes, re-ordering terms, and discretizing the resulting continuoustime model, the building energy model can be represented by the state-space equation:
where
is the state vector, A n , B n,u and B n,d as state, input and distur- 
B. Domestic Hot Water Demand Model
The analytical domestic hot water (DHW) demand profiles for the midflat archetypes are developed using an occupant focused approach based on Time-of-Use Survey (TUS) data. The reference dwellings are considered over different construction periods, representative of the majority of the Irish midflats. Building Performance Simulations of these archetypes are then modeled by integrating high space and time resolution operational data. Activity specific DHW consumption profiles are obtained using the bottom-up approach developed by Neu et al. [18] , which is based on the application of Markov Chain Monte Carlo techniques to TUS data [19] . This approach combines the average daily DHW consumptions, as estimated through the UK SAP procedure [20] , with the probability distributions for the corresponding TUS hot water draw activities. The profiles capture variations in DHW consumption, heat demand and energy usage for DHW heating, with a 15-minute time-resolution. Results for the annual heating demands are verified by comparing them with those estimated through the DEAP approach.
C. Building-to-Grid Model
The Building-to-Grid (B2G) model is fundamentally an economic dispatch model, which minimizes total cost of electricity generation, subject to power system operational constraints, technical constraints of the generating units and thermal demand constraints of the considered building archetypes. Integration of the building thermal dynamics with the power system economic dispatch models facilitates the co-optimization of generation scheduling with power consumption scheduling of the TES devices. The B2G model is formulated as follows:
subject to:
The objective function (2) of the B2G model minimizes the daily electricity generation cost, which is the summation of conventional generation costs. The cost of conventional generation takes into account the fuel and carbon emissions costs. Eqs. (3) and (4) represent the power system operational constraints. (3) is the power balance constraint which ensures that the total electricity generation equals the total demand at all times. The total electricity demand is represented as the sum of the fixed baseline demand (excluding the heating load for the considered archetypes) and the flexible heating demand. (4) constrains the wind generation to be within the System Non-Synchronous Penetration (SNSP) limit, which is defined as the ratio of non-synchronous generation (wind and HVDC imports) to demand plus HVDC exports [21] . Eqs. (5) - (7) model the technical constraints of all the conventional generators. (5) ensures that the electricity generation of each generator is within its minimum and maximum power production limits. Considering that the B2G is a linear model, the minimum operation limits for all generators have been relaxed and set to 0M W in order to avoid the need to keep all the generators on at all times. (6) and (7) represent the ramp-up and ramp-down constraints for the generators, respectively. (8) limits the wind power production to be within the available wind power for the given time interval.
Eqs. (9)- (19) express the space and water heating constraints for the considered archetypes. (9) describes the total heating load for each dwelling to be the summation of the space heating and DHW electricity consumption. (10) constrains the room temperature, T j b,r , to be within the thermal comfort limits during active occupancy periods. T j b,r is determined using the state space model described in Section II-A. (11) models the evolution of the storage level of the TES for space heating. TES space heating storage losses are calculated using (12) . (13) describes the total space heating input to be the summation of active heat output of the TES and the storage heat losses. Eqs. (14)- (16) constrain the active heat output, electric power input and storage level of the TES space heaters to be within their respective rated values. (17) represents the temperature evolution of the DHW storage tank as a state space model. A simple one node perfectly stirred water tank model is considered. The first term on the right side of the equation represents the DHW input power, the second term represents the heat losses from the tank to the surroundings while the third term models the heat loss in the event of hot water draw, during which the cold water at the inlet, T b,in , replaces an equivalent amount of water. (18) constrains the DHW tank temperature to be within the prescribed operation limits and (19) limits the DHW input power to be within the rated values.
The B2G model has an hourly time-resolution and is solved with a look-ahead horizon of 48 hours assuming perfect forecast. The results for the first 24 of those 48 hours are stored, before rolling on to the next day of the year. This rolling-optimization approach allows the B2G model to consider keeping some storage in the TES at the end of the day depending on the conditions the next day. The model is implemented in GAMS 24.6 and MATLAB 2013a, using the MATLAB-GAMS coupling as described in [22] .
III. RESULTS AND DISCUSSION
Th developed B2G model has been used to conduct an annual evaluation of the energy arbitrage potential of TES in AIPS. The conventional generation portfolio of the AIPS including the number of units, heat rates and other important characteristicshave been modeled according to [23] . The associated fuel costs of the various fuels for the year 2012 are obtained from [24] and the fuel carbon intensities are based on [25] . Tables I and II present the characteristics of the TES space and water devices for each of the considered archetypes based on the maximum daily heating requirements and SETS device specifications [15] . Key modeling assumptions made in this study are presented in Table III. Figs. 2 and 3 depict the performance of the TES devices for a typical day in the heating season with 50% of the midflats heated with TES devices. The remaining proportion of midflats have Direct Resistive Heaters (DRH) for space and water heating. Fig. 2 shows the indoor and DHW tank temperature evolution and their corresponding power consumption for a day. It can be observed that the TES is able to maintain the room temperatures within the thermal comfort range from 20 -25
• C during periods of active occupancy (i.e. 07:00-09:00 and 17:00-23:00) for all three of the midflat archetypes. Similarly the hot water temperature remains within the prescribed range from 50 -70
• C throughout the day. The power consumption profiles indicate that the TES charge during 01:00 -04:00 at night before the actual time of thermal end-use, thereby shifting the load and providing energy arbitrage. It is also interesting to note that the rolling optimization approach of the B2G model allows retention of some storage in the TES at the end to be used the next day. Fig. 3 shows the AIPS electricity demand and wind power utilization for the given day. It can be observed that with the implementation of TES devices, the total demand can be reduced during the evening peak. Additionally, Fig. 3b shows that due to the 50% SNSP limit, there is significant wind curtailment during the early morning period. However, as the TES devices charge during this period (see Fig.2 ), the total demand increases as compared to the demand when all the midflats are heated with DRH. This results in a decrease in wind curtailment levels and hence, depicts the potential of TES in facilitating greater utilization of renewable energy. Fig. 4 shows the annual performance of TES in terms of reducing generation costs, wind curtailment levels and system peak load under different levels of TES penetration and SNSP limits. Considering different penetration levels of TES devices can help in understanding the potential of these devices in comparison to DRH and varying the SNSP limits facilitates the analysis of future potential of TES with greater levels of renewable energy. It can be observed from Fig. 4a that as the proportion of midflats heated with TES increases, there is a steady reduction in the annual electricity generation costs for all levels of SNSP limits. The maximum annual cost savings potential (i.e. with 100% TES devices) is circa e 9.3 million per annum as compared to the case where all midflats are installed with DRH. The magnitude of the cost savings remains approximately the same across all SNSP limits which shows that TES devices have robust arbitrage potential even under low cost high renewables future power systems. Fig.  4b shows that although increasing penetration of TES devices reduces wind curtailment levels for all SNSP limits, however, the magnitude of this reduction falls as SNSP limits increase. This can be attributed to the fact that curtailment levels are already under 2% at 75% SNSP limit and DRH can also benefit from increase in wind energy. Additionally, it is important to note that only midflats have been considered in this study which account for only about 70,000 houses in Ireland. As a result there is not enough flexible demand to further reduce curtailment levels at high SNSP limits. Indeed, approximately 180 MW of peak load can be reduced even only midflats are heated with TES devices. However, increasing SNSP limits does not have any effect on peak load reduction potential of TES. Hence, TES can play an important role in reducing not only operational costs but also investment costs in generation and transmission infrastructure.
IV. CONCLUSION
This paper presents an evaluation of energy arbitrage and load shifting capability of smart TES devices in residential dwellings. A B2G model is developed which co-optimizes the power systems economic dispatch with the characteristics and requirements of the residential electric space and water heating demand. The B2G model is implemented for the AIPS considering three midflat archetypes. The results highlight the energy arbitrage potential of TES in terms of significant generation cost savings, greater utilization of wind generation and reduction in peak load under different scenarios.
Future work will incorporate other residential archetypes and different occupancy patterns in the B2G model to account for the rest of the domestic heating demand. Additionally, potential of TES devices for providing ancillary services, such as operating reserves, will also be studied.
